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Unfortunately, a complete understanding of why hydrologic models perform remarkably well in 38 some regions, and why they fail to do so in other regions, has still not been achieved. 39
The difficulty in predicting daily streamflow at a catchment potentially arises from three 40 main sources: (1) there is uncertainty (or error) in the meteorological inputs, (2) some key 41 hydrological processes unique to that catchment are either excluded or inappropriately represented 42 in the hydrologic model structure, and/or been shown to work at a few case-study catchments, the subjectivity involved in a modeler's 59 decisions and the ad hoc nature of available geophysical data in different parts of the world makes 60 this approach cumbersome and difficult to scale-up (i.e., apply consistently at a large number of 61 catchments on a regional/continental scale). The third source, losses/gains of groundwater, is the 62 most challenging to address due to our limited understanding of the conditions responsible for the 63 exports or imports of water outside a catchment boundary. It is also difficult to quantify these 64 losses and gains so that they can be explicitly accounted for in the water balance equations. While 65 there have been studies using coupled surface -ground water models at catchment scales 66 [Sophocleous and Perkins, 2000; Maxwell and Miller, 2005; Ireson et al., 2006] , the borehole 67 water-table measurements required for the calibration of groundwater components are usually not 68 available in the majority of catchments. 69
To overcome the restrictions in hydrologic characterization caused by limited data 70 availability, scientists have long suggested the need to develop a hydrologically-based 71 classification system for landscapes [Woods, 2002; McDonnell and Woods, 2004; Wagener et al., 72 2007] . Such a classification system would ideally guide hydrologists in developing better 73 conceptual models of catchment function [McDonnell et al., 2007] , and also narrow down the 74 causes for potential pitfalls in predictability despite the lack of detailed site measurements. 75 Although there have been numerous efforts over the years at developing a hydrologic classification 76 system [Mosley, 1981; Acreman and Sinclair, 1986; Wiltshire, 1986; Ogunkoya, 1988 In this paper, our goal is to demonstrate that a hydrologically based landscape classification 90 system can be effectively used to characterize the conditions at which a hydrologic model is more 91 likely to perform well; and also to understand why it does not perform well in certain 92 environments. Furthermore, a classification system may provide a readily available perceptual 93 model of expected hydrologic behavior that can be compared against a mechanistic hydrologic 94 model to detect inconsistencies. Classification may also play an important role in the 95 characterization of hydrologic similarity among catchments and can help improve the 96 predictability at ungauged catchments. Although a classification system typically assumes that 97 similarity in physio-climatic properties translates into hydrologic similarity, a hydrologic model 98 can verify whether catchments belonging to the same classification group truly have similar 99 hydrologic behavior. As a specific example of this concept, we use a spatially lumped hydrologic 100 model called EXP-HYDRO [Patil and Stieglitz, 2012 ] to simulate daily streamflow at 88 101 catchments within the state of Oregon, USA and compare its simulation performance against the 102 OHL classification system of Wigington et al. [2012] . The mathematical structure of the EXP-103 HYDRO model forms our a priori hypothesis of a catchment's expected hydrologic behavior. The 104 success or failure of this hypothesis (through good or bad prediction) at a catchment is then 105 analyzed with respect to the OHL classification system. Specifically, we seek to (1) identify the 106 physio-climatic properties that are more likely to be prevalent in high (and low) prediction 107 catchments, and (2) test if a common regionalized set of model parameters is applicable to all the 108 catchments that belong to the same classification unit. To our knowledge, there have been no 109 previous studies that have analyzed the geographic patterns of streamflow predictions obtained 110 through a hydrologic model within the context of a hydrologic classification framework. We 111 would also like to note here that the concepts presented in this paper are generic in nature and can 112 be readily implemented at different locations by using any other combination of hydrologic model 113 and/or hydrologic classification system. 114
115

Data 116
We used the hydro-climatic data of 88 catchments located across the state of Oregon (see 117 Figure 1 ). These catchments were selected from two different U.S. Geological Survey databases, 118 viz., HCDN [Slack et al., 1993] 
Hydrologic model 143
The Exponential Bucket Hydrologic Model (EXP-HYDRO; see Figure 2 ) is a spatially 144 lumped hydrologic model [Patil and Stieglitz, 2012] that solves the following coupled water 145 balance equations of the catchment and snow accumulation bucket stores at each time step: 146
where, S and s S are the amounts of water stored in the catchment and snow accumulation buckets, 149 respectively (unit: mm), s P and r P are the daily snowfall and rainfall amounts, respectively (unit: 150 mm/day), ET is the actual evapotranspiration (unit: mm/day), bucket Q is the runoff generated from 151 the catchment bucket (unit: mm/day), spill Q is the capacity-excess runoff that occurs when the 152 catchment bucket is full (unit: mm/day), and M is the snowmelt (unit: mm/day). The incoming 153 daily precipitation is classified as snowfall or rainfall based on the following condition: 154
Else, 157
where, a T is actual daily air temperature (unit: °C) and min T is the air temperature (unit: °C) below 159 which any precipitation in the catchment falls as snow (into the snow accumulation bucket). 160
Snowmelt M from the snow accumulation bucket is modeled using a thermal degree-day model 161 as follows: 162
Else, 165
where, f D is the thermal degree-day factor (unit: mm/day/°C), and max T is the air temperature 167 (unit: °C) above which accumulated snow in the snow accumulation bucket begins to melt. 168
Evapotranspiration ET is calculated as a fraction of the potential evapotranspiration ( PET ), and 169 depends on the amount of actual stored water ( S ) in the catchment bucket relative to the bucket's 170 storage capacity ( max S ): 171
PET (unit: mm/day) is calculated from the daily air temperature data using Hamon's formulation 173 [Hamon, 1963] . The runoff generated from the catchment bucket depends on the amount of water 174 stored in it and is calculated using a TOPMODEL [Beven and Kirkby, 1979] Since our objective in this study was to match the overall hydrologic dynamics of a catchment, we 208 used NS ( Q ) as the objective function (Equation 6, and referred to simply as NS henceforth). 209
The value of NS ranges from negative infinity to 1, with NS = 1 being a perfect fit between the 210 model and observed data. Out of the 50,000 parameter sets used for calibration at each catchment, 211
we selected a single parameter set that provided the maximum value of NS as the optimal 212 parameter set. While the uncertainty in parameter values due to equifinality (i. Table 2 . Based on these codes, an individual HLU is 228 assigned a multi-letter OHL class. For instance, a HLU that is assigned an OHL class "VwLML" 229 has the following physio-climatic properties: very wet climate, winter seasonality of water surplus, 230 low aquifer permeability, mountainous terrain, and low soil permeability. The underlying 231 assumption is that the HLUs that have the same OHL class are expected to have similar hydrologic 232 behavior. Detailed information about the procedure for obtaining HLUs within Oregon and 233 development of the OHL classes can be found in Wigington et al. [2012] . 234 A catchment typically consists of an aggregation of multiple HLUs (see Figure 3) . 235
However, some small catchments can contain only a single first-order HLU. In fact, 37 out of the 236 88 catchments in this study contain only one HLU. For the 51 catchments that contain multiple 237
HLUs, we defined their OHL catchment class by first considering each of the five physio-climatic 238 categories separately and then identifying the class within each category that covers the largest 239 area within the catchment (see Supplementary Table) . For the 37 catchments containing only one 240 HLU, the class associated with that HLU was assigned as the OHL catchment class. Detailed 241 information about the OHL classes for all 88 catchments is provided in the Supplementary Table.  242 243 Results 244 Based on the NS value of streamflow calibration, we divided the 88 Oregon catchments 252 into three hydrologic predictability groups: Group 1 (high predictability; NS > 0.75), Group 2 253 (medium predictability; 0.75 ≥ NS ≥ 0.6), and Group 3 (low predictability; 0.6 > NS). We followed 254
Martinez and Gupta [2010] to set NS > 0.75 as a condition for high predictability catchments and 255
Patil and Stieglitz
[2012] to set NS < 0.6 as a condition for low predictability catchments. The 256 remaining catchments (0.75 ≥ NS ≥ 0.6) were then assigned into the medium predictability group. 257 These catchments contain the tributaries of the Deschutes River. A few Group 3 catchments are 268 also located in the eastern and northeastern parts of Oregon. 269
We next analyzed how the three hydrologic predictability groups relate to the OHL 270 classification at the catchment scale. Each of the five physio-climatic categories (annual climate, 271 seasonality, aquifer permeability, terrain, and soil permeability) were considered separately, and 272 we calculated the extent to which each class is represented in the high, medium, and low 273 predictability catchments (Groups 1 -3). Table 3 summarizes the presence of each physio-climatic 274 class within Group 1 -3 catchments. Below, we provide a brief description of the major trends in 275 each category. 276
For annual climate, the majority of catchments in all three predictability groups have either 277 a wet (W) or a very wet (V) climate. This is not surprising since the geographic distribution of the 278 88 catchments is heavily skewed towards the wetter western part of Oregon. Nonetheless, the 279 proportion of V climate class gradually decreases from Group 1 to Group 3 catchments, whereas 280 the proportions of drier climate classes (M and D) show the opposite trend. For the seasonality of 281 water surplus, a clear contrast is observed among the different predictability groups. As we move 282 from Group 1 to Group 3, the extent of winter (w) seasonality class decreases rapidly from 92% 283
in Group 1 to 28% in Group 3. On the other hand, spring (s) seasonality class is present in only 284 8% of the Group 1 catchments, but present in 68% of the Group 3 catchments. Only one catchment 285 has a summer (u) seasonality class, and it belongs to Group 3. The aquifer permeability category 286 also shows a sharp contrast between Group 1 and Group 3 catchments. Low (L) aquifer 287 permeability is dominant among the Group 1 catchments (84%), whereas high (H) aquifer 288 permeability is dominant among the Group 3 catchments (56%). The Group 2 catchments are 289 dominated by the H aquifer permeability class (50%), followed by L (29%) and M (21%) classes. 290
The terrain category is not useful as an explanatory variable in this exercise because all 88 291 catchments have the mountain (M) terrain class. For soil permeability, the majority of catchments 292 in all three groups have either low (L) or medium (M) soil permeability. However, catchments 293 with high (H) soil permeability are exclusive to Group 3. 294
The OHL classification hypothesizes that landscape units (or catchments) having the same 295 OHL class should have similar hydrologic behavior. We tested this hypothesis using the following 296 procedure: (1) group all the catchments that have the same OHL class; (2) using the grouped 297 catchments from step 1, calculate the average value of all six parameters of the EXP-HYDRO 298 model; (3) simulate the daily streamflow of all catchments within the group using average 299 parameters from step 2, and calculate the decline in NS value compared to that from individual 300 catchment calibration case. Only four OHL classes were available to test this procedure, since 301 other classes did not have sufficient number of catchments. These four classes are: VwLML (9 302 catchments), VwLMM (12 catchments), WwLML (6 catchments), and WwLMM (9 catchments). 303 Table 4 shows the range of optimal values of the EXP-HYDRO model parameters for catchments 304 among the four OHL classes, and also their coefficient of variation (CV) within each class. Out 305 of the 6 model parameters, f consistently has the smallest value of CV in all four classes. This 306
indicates that the optimal value of f varies the least for catchments within an individual OHL class. 307 Interestingly, the study by Patil and Stieglitz [2012] has shown that f is also the most sensitive 308 (and identifiable) parameter of the EXP-HYDRO model. Table 5 shows the decline in model 309 performance when using class averaged parameters compared to the individually calibrated 310 parameters. The average decline in model performance was the lowest for the VwLML class (1%) 311 and the highest for the WwLMM class (13%). Figure 6 shows the relationship between the NS 312 value of a catchment using calibrated parameter set and the % decline in NS when the class-313 assigned common parameter set is used (for the 36 catchments in four OHL classes). suggest that climate alone is insufficient to determine whether high or low predictability can be 326 expected at a certain place. About 72% of the Group 3 catchments (low predictability; NS < 0.6) 327 are classified as having either a wet (W) or very wet (V) climate. Based on the dominant 328 classification within each of the OHL category (Table 3) , we expect that a catchment in Oregon 329 belonging to either the VwLMM or VwLML class has the greatest likelihood of being a high 330 predictability catchment. In other words, a very wet climate, winter seasonality of water surplus,low aquifer permeability, mountainous terrain, and low to medium soil permeability is the most 332 favorable combination of physio-climatic properties for obtaining high simulation performance 333 with the EXP-HYDRO model. Conversely, the low prediction catchments in Oregon show a 334 propensity towards spring seasonality of water surplus, high aquifer permeability, and medium to 335 high soil permeability (see Table 3 ). 336
An important advantage of using the OHL classification system is that it reveals multiple 337 physio-climatic factors that can affect streamflow predictions and therefore provides clues into the 338 reasons for poor model behavior at a catchment. usually requires additional input data, which might not be available in many places. 396
Prediction of streamflow at ungauged catchments is an important factor that has long 397 motivated hydrologists towards the development of classification systems [Mosley, 1981; 398 McDonnell and Woods, 2004; Wagener et al., 2007] . In this study, we tested whether a class-399 assigned common parameter set of the EXP-HYDRO model can provide simulation performance 400 that is close enough to the performance obtained with individually calibrated parameters. While 401 this analysis was limited to only four OHL classes, our results showed that implementation of a 402 common parameter set for an entire OHL class provides near optimal (less than 10% deterioration) 403 performance in most catchments (31 out of 36; see Table 5 ). This suggests that, for the most part, 404 catchments within the same class tend to have similar hydrologic behavior, thereby providing an and hydrologic landscape characteristics, and the hydrologic predictability of that catchment 416 group/type. If catchments within a particular class are highly predictable (e.g., VwLML), their 417 model parameters are more likely to be similar and therefore easily transferrable to an ungauged 418 catchment within the same class (see Table 4 ). On the other hand, physio-climatic similarity 419 among catchments (as characterized by OHL) is less useful if the model performance for that class 420 of catchments is not high enough to begin with, perhaps due to some hydrologic characteristics 421 (such as groundwater influence) that are difficult to incorporate into a regional classification 422 scheme. 423
Caveats 424
We made several assumptions in our choice of the catchment data, classification scheme, 425 and the hydrologic model that can potentially influence the findings of this study. While Oregon 426 covers a large and diverse geographic area of the Pacific Northwest, the 88 catchments in this 427 study were not evenly distributed throughout the state, with the majority of them located in the 428 western part. This skew in the geographic distribution increased the number of catchments having 429 OHL classes that are more prevalent in western Oregon and decreased the number of catchments 430 having classes that are more typical of eastern Oregon, such as drier climate and spring or summer 431 seasonality. Another limitation was the lack of diversity in the OHL classes within our data. 432 Theoretically, there are 486 possible classes in the OHL classification system. Of these, 157 433 classes can be found in Oregon at the HLU level [Wigington et al., 2012] . However, at the 434 aggregated catchment level, only 19 unique OHL classes were manifested among the 88 435 catchments in this study (see Supplementary Table) . Furthermore, the four most common OHL 436 classes (VwLML, VwLMM, WwLML, and WwLMM) that we considered for the analysis of 437 ungauged catchments were quite similar to each other, and prevented us from taking full advantage 438 of the high hydrologic diversity that exists within Oregon. The choice of hydrologic classification 439 scheme also had a major influence on our geographic interpretations of model predictability. 
